Most multivariate variance models suffer from a common problem, the "curse of dimensionality". For this reason, most are fitted under strong parametric restrictions that reduce the interpretation and flexibility of the models. Recently, the literature has focused on multivariate models with milder restrictions, whose purpose was to combine the need for interpretability and efficiency faced by model users with the computational problems that may emerge when the number of assets is quite large. We contribute to this strand of the literature proposing a block-type parameterization for multivariate stochastic volatility models.
Introduction
Classical portfolio allocation and management strategies are based on the assumption that risky returns series are characterized by time invariant moments. However, the econometric literature of the last few decades demonstrated the existence of dynamic behaviour in the variances of financial returns series. The introduction of such empirical evidence may constitute an additional source of performance for portfolio managers, as evidenced by Fleming, Kirby and Ostdiek (2001) , or may be relevant for improving the market risk measurement and monitoring activities (see, for example, Hull and White (1998) and Lehar et al. (2002) ). Two families of models emerged in the literature, namely GARCH-type specifications (see Engle (2002) ), and Stochastic Volatility models (see Taylor (1986) and Andersen (1994) ).
However, portfolio management strategies often involve a large number of assets requiring the use of multivariate specifications. Among the possible alternative models, we cite the contributions of Bollerslev (1990) , Engle and Kroner (1995) , Ling and McAleer (2003) , McAleer (2006, 2009) , and the surveys in McAleer (2005) , Bauwens, Laurent and Rombouts (2006) , and Asai, McAleer and Yu (2006) . Most models, if not all, suffer from a common problem, the well-known "curse of dimensionality", whereby models become empirically infeasible if fitted to a number of series of moderate size (in some cases, the models may become computationally intractable with even 5 or 6 assets). In order to match the need of introducing time-varying variances with practical computational problems, several restricted models are generally used: the diagonal factor driving all the variances and covariances, since the financial theory may suggest the existence of sector-specific risk factors (sectoral asset allocation is often followed by portfolio managers and characterized by a number of managed financial instruments).
As distinct from an extremely restricted model, we also recover part of the spillover effect between variances, which allows monitoring of the interdependence between groups of assets, an additional element which may be relevant. Within our modeling approach, the coefficients may be interpreted as sectoral specific, while the assets will be in any case characterized by a specific long term variance through the introduction of unrestricted constants in the variance equations.
Clearly, the restrictions proposed may not necessarily be accepted by the data, as more 'complete' models will, in general, provide better results. We will show that the introduction of such restrictions provides limited losses, while yielding a significant improvement over the more restricted specifications. We will evaluate and compare the alternative models following the Monte Carlo likelihood (MCL) estimation approach for both univariate and multivariate SV models, as in Sandmann and Koopman (1998) and .
The plan of the remainder of the paper is as follows. Section 2 presents the block-structure modelling approach within a general MSV framework, and also compares the model to Factor SV specifications, and addresses some estimation issues. Section 3 presents an empirical example based on US stock market data for selected firms. Section 4 gives some concluding comments.
MSV Models
The block-structure model we present can be considered as a restricted specification of a general MSV model. In fact we will show how the modelling approach consists in defining a set of parametric restrictions that makes the model feasible, but without losing the interpretation of coefficients.
Consider a general MSV model that will be used as reference model. Let t R be the return series on an asset, and define
y R E R     as the mean-adjusted return. Then, the basic SV model is defined as 
For the M-dimensional stochastic vector, the MSV model of Harvey, Ruiz and Shephard (1994) is defined by 
where P is the correlation matrix,  is the M-vector of standard deviation parameters, and t h is M-vector of the stochastic components, which follows a VAR(1) process given
where the operator  denotes the Hadamard (or element-by-element) product,  is an M-dimensional coefficient vector and   is the covariance matrix. For convenience, we call this type of MSV model the 'basic MSV' model.
In the following, we present a closely related specification, the Factor MSV model, and then we introduce the Block-Structure MSV model.
Factor MSV model
An alternative class of MSV models was first introduced by Harvey et al. (1994) , and then extended by Jacquier et al. (1995 , 1999 ), and Chib et al. (2006 , among others. The basic model has the following structure: 
where D is the m k  matrix of factor loadings, t f is the k-dimensional vector of factors, which follow univariate SV models, and all the innovation terms are mutually uncorrelated. This model has a limited number of parameters, but also has some drawbacks. In fact, as shown in Asai et al. (2008) , the conditions imposed on the mean innovations, t  , that is, homoscedasticity and diagonality of the covariance matrix, are too restrictive and not consistent with the empirical evidence. This is particularly evident when the number of factors, k, is much smaller than the number of assets, M. In this case, if the assets are used to create a portfolio, there must exist at least one vector of weights providing a homoskedastic portfolio.
Block Structure Model
We now assume that the M assets are divided into B groups, with the i-th group containing i m assets (
We define a block structure for the volatility by assuming that each group of assets is characterized by a common parametric behaviour in the volatility equation. Consider the variance dynamics of the Harvey et al. (1994) model in equations (1)- (3):
where the matrix of parameters of persistence,  , and the covariance matrix of log-volatility,   , will have constraints given by block structures. We define By construction, the vector of volatilities has a block-structure given that the factors affecting the overall volatilities are sector or block specific. Hereafter, we refer to the model in equations (2), (5) and (6) 
where i P is the correlation matrix,
 are scalar parameters. We refer to this as the 'one-block SV' model. Now we turn to the vector of volatilities of the i-th block, which is defined as
Thus, the vector of volatilities for all assets is given by
where
, and P is the correlation matrix.
The numbers of parameters in (2), (5) and (6), subject to the restriction: Note that similar block structures could be used for the specification of the factor loading matrix, D, of the model in (4). In this alternative representation, the latent factors could be associated with the specific blocks created with the assets. Alternatively, making the D matrix unrestricted, block specifications could be used to generalize the model in (4) by introducing spillovers across the factor variances and by removing the diagonality assumption over the innovation covariance matrices.
Model estimation
For the estimation of the MSV models, we use the Monte Carlo likelihood (MCL) approach proposed by Durbin and Koopman (1997) . Sandmann and Koopman (1998) applied the MCL method to the univariate SV model, while adapted it for the MSV model. These two papers rely on the logarithmic transformation of squared returns, as in Harvey, Ruiz and Shephard (1994) , allowing a state-space form with non-Gaussian measurement errors. In the MCL method, the likelihood function can be approximated arbitrarily by decomposing it into a Gaussian part, which is constructed by the Kalman filter, and a remainder function, for which the expectation is evaluated through simulation.
Empirical analysis
Three groups of three assets from three different sectors (B=3 and M=9) are used, namely Chemical, General Financials, and Oil and Gas Producers. Table 1 reports the selected stocks and a descriptive analysis of their returns. These assets have been selected from among a small list of the largest companies between each sector on the basis of the correlations between the squared returns. All the selected stocks belong to the large cap segment of the NYSE, and enter the S&P 500 index. Given the approach followed in the asset selection, intuitively there possibly exist common patterns in the variances. We chose such a selection approach in order to provide an example where the proposed modelling approach may be useful. We believe that the block structur MSV model may be of little interest if the assets under study all belong to different sectors or if they are characterized by low correlations.
The series considered are total return indices, collected in the sample period 2 January 2002 to 10 April 2007, giving T=1375 observations. Note that the period covered excludes the effects of the technology market drawdown, while it may be influenced by the wars in Afghanistan and Iraq and by the increasing trend in oil prices. Furthermore, we exclude the global financial crisis period. Table 1 reports a preliminary descriptive analysis of the 9 stocks, showing that in the period considered the average returns are positive (the stock market was characterized by an upward trend in prices), and very close between assets of the same sector, while there is a slight difference between sectors: the chemical sector has lower returns than the general financial sector which is, in turn, dominated by the oil and gas producer sector. This is a somewhat expected result, given the relevant increase in the oil prices in the later years of the sample. The standard deviations of the oil sectors are the smallest, while the General Financial sector has the highest risk. The Chemical sector has the most leptokurtic densities; the Oil and Gas Produces stocks are negatively skewed, while the others are all positively skewed, a fact that is also reflected in the median returns. In order to develop the conditional mean for each return, we used the following data sets; a set of interest rates (US Treasury bond 3 months, 6 months, 9 months, 1-3 years, 3-5 years, 5-7 years), oil prices, and two dummies (January and Monday). Interest rates are in the form of bond indices. Following Ait-Sahalia and Brandt (2001) and Pesaran and Timmerman (1995, 2000) , we fit the conditional mean returns with the constant term, the lagged return, the contemporaneous dummies, the lagged Oil returns, and the deviations between the returns of the rates (the following differences between bond indices returns: 6 months minus 3 months, 1-3 years minus 6 months, and so on), giving 10 explanatory variables, as follows:
The deviations between the rates, it V , can be considered as a proxy for the curvature of the yield curve, and hence may be useful in predicting stock movements.
In the proposed equation, the curvature of the yield curve and the oil returns are contemporaneous. Clearly, the model may suffer from simultaneity problems, given that the explanatory variables may be predictable, and we are not including an appropriate For the volatility equation, we first estimated the univariate SV models defined in equation (1). Table 3 shows the MCL estimates for the univariate models. Although the estimates of  for the financial sector are relatively low, the estimates are typical of those available in the literature for SV models. Furthermore, we note a similarity between the volatility constants, σ, associated with the stocks belonging to the same sector.
We also estimated the basic trivariate SV models (2) and Error! Reference source not found. for the three sectors, and Table 4 presents the results.
By introducing the off-diagonal elements of   and P, the estimates of  are smaller than the corresponding estimates in Table 3 for all the sectors. The correlation coefficients based on   are very high and replicate the ordering of  , we need to consider common structures by using factor models and/or the BS models.  asymptotic density, and we are able to reject the null hypothesis that all the off-diagonal elements of   and P are equal to zero for all three sectors.
As the first step of our BS approach, we estimated the one-block trivariate SV model for the three sectors. Table 6 shows the MCL results for the one-block model. Due to the BS approach, the estimates of  are less than the smallest values of the corresponding sector in Table 3 . Table 7 gives the log-likelihood, AIC and BIC for the one-block model. A direct comparison of the BS specifications with the full model estimate is not directly available due to the computation complexity of the 6-variate and 9-variate full models.
Only three-variate specifications are available, both in their full and BS specifications, and standard likelihood ratio tests clearly favour the full models. However, when the cross-sectional dimensions increase, the BS specifications remain feasible, while the full SV models are not. This is a particularly strong advantage of the model presented in the paper, which also maintains the parameter interpretation, and also allows for correlated innovations as the matrices P and   are not restricted to be diagonal or block-diagonal.
A more detailed comparison of the full and BS specifications for stochastic volatility models is left to future research.
Conclusion
In this paper we presented a class of multivariate stochastic volatility models which is nested in the model of Harvey et al. (1994) . A distinctive feature of our model is that, contrary to fully parameterized MSV models, it remains feasible in moderate to large cross-sectional dimensions. This result is achieved by imposing a block structure on the model parameter matrices. The variables could be grouped by using some economic or financial criteria, or could follow data-driven classifications. In addition, by the introduction of blocks, if these have an economic interpretation, the model proposed preserves the interpretation of the coefficients, a feature which is generally lost in feasible MSV models.
We also presented an empirical application where the proposed model was estimated for a set of US equities, showing its feasibility. A more advanced comparison between the BS specification and alternative MSV models is left for future research. Note: The numbers in the first column and first row identify the assets following the asset order included in the first panel. The main diagonal contains the variances, the lower triangular portion of the matrix contains the covariances, and the upper part contains the correlations. Entries in bold identify correlations between assets belonging to the same group. 
